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13 Abstract

14 For decades, academic biologists have advocated for making conservation decisions in
15  light of evolutionary history. Specifically, they suggest that policymakers should

16  prioritize conserving phylogenetically diverse assemblages. The most prominent

17  argument is that conserving phylogenetic diversity (PD) will also conserve diversity in
18  traits and features (functional diversity; FD), which may be valuable for a number of

19  reasons. The claim that PD-maximized (‘maxPD’) sets of taxa will also have high FD is
20  often taken at face value and in cases where researchers have actually tested it, they have
21  done so by measuring the phylogenetic signal in ecologically important functional traits.
22 The rationale is that if traits closely mirror phylogeny, then saving the maxPD set of taxa
23 will tend to maximize FD and if traits do not have phylogenetic structure, then saving the
24 maxPD set of taxa will be no better at capturing FD than criteria that ignore PD. Here, we
25  suggest that measuring the phylogenetic signal in traits is uninformative for evaluating
26  the effectiveness of using PD in conservation. We evolve traits under several different
27  models and, for the first time, directly compare the FD of a set of taxa that maximize PD
28  to the FD of a random set of the same size. Under many common models of trait

29  evolution and tree shapes, conserving the maxPD set of taxa will conserve more FD than
30  conserving a random set of the same size. However, this result cannot be generalized to
31  other classes of models. We find that under biologically plausible scenarios, using PD to
32 select species can actually lead to less FD compared to a random set. Critically, this can
33 occur even when there is phylogenetic signal in the traits. Predicting exactly when we

34  expect using PD to be a good strategy for conserving FD is challenging, as it depends on
35 complex interactions between tree shape and the assumptions of the evolutionary model.
36  Nonetheless, if our goal is to maintain trait diversity, the fact that conserving taxa based
37  on PD will not reliably conserve at least as much FD as choosing randomly raises serious
38  concerns about the general utility of PD in conservation.

39

40  Keywords. Conservation, Functional diversity, Evolutionary diversity, Trait evolution,
41  Species prioritization
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43  In the face of the current biodiversity crisis, society needs to decide how to distribute
44  limited funds and effort to conservation. Conservation biologists and policy makers have
45  presented many proposals for making rational and scientific decisions about which
46  species warrant the most protection (Bottrill et al. 2008).

47 One prominent prioritization scheme uses evolutionary history to place a
48  quantitative value on species and sets of species. The idea is that when making
49  conservation policy, we should try to conserve the set of species or habitats that harbour
50 the greatest amount of evolutionary history (Vane-Wright et al. 1991). While there are
51  many, overlapping metrics for measuring the evolutionary history encompassed by a set
52 of species (Winter et al. 2013; Tucker et al. 2016), the most common is the sum of all
53  branch lengths connecting a set of species to a common root (Faith 1992), called
54 Phylogenetic Diversity (PD). This measure is vague insofar as the units of “branch
55  length” are unspecified, but it is the metric whose maximization has been proposed as a
56  conservation prioritization strategy.

57 While PD has been only sparingly used in actual policy decisions (for one
58 example, see the EDGE program of the Zoological Society of London;
59  www.edgeofexistence.org), it has caught the attention of researchers; according to
60  Google Scholar, the original Faith (1992) paper on the topic has been cited more than
61 1900 times as of April 2017. Indeed, Faith’s paper has spawned an entire subfield in
62  which biologists and mathematicians have worked out complex solutions to measuring
63  and maximizing PD (e.g. Rodrigues and Gaston 2002; Forest et al. 2007; Bordewich et al.
64  2008; Bennett et al. 2014; Chao et al. 2015; Pollock et al. 2015; Thuiller et al. 2015).
65  Faith and other researchers have proposed several key reasons why conserving PD is
66  worthwhile. Prioritizing species’ conservation to maximize PD may help ensure that: (i)
67  remarkable species that occur as evolutionary isolated lineages (e.g. tailed frogs, tuataras,
68  Welwitschia) are prioritized (Rosauer and Mooers 2013); (ii) essential ecosystem
69 functions and services are maintained (Cadotte et al. 2008, but see Srivastava and
70 Vellend, 2005 for a discussion on the link with applied conservation); and that (iii) we
71  maximize ‘evolutionary potential’ (Faith 1992; Forest et al. 2007). All of these ideas have
72  are underpinned by the claim that phylogenetically diverse sets of taxa contain a

73  disproportionately large amount of trait/feature/functional diversity. Hereafter, we will
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74  not make a distinction between trait, feature and functional diversity and we will refer to
75  them as functional diversity, or FD.
76 Like evolutionary history, functional diversity is an ambiguous concept with
77  many potential measures. Villéger et al. (2008) suggest that FD has three components:
78  richness, divergence, and evenness. Functional richness generally measures ‘how much
79  trait space is filled, while functional divergence and evenness indices describe how this
80  space is filled’ (Schleuter et al. 2010). Functional richness represents the amount of
81  functional trait space that is encapsulated by a set of species, is usually correlated with
82  species richness, and can be related to the functioning of ecosystems (see, e.g. Cadotte et
83 al. 2011). The second component, functional divergence, is largely independent of
84  species richness and describes how species are clustered in trait space, which may be
85  valuable to conservation biologists interested in, e.g., ecosystem services (e.g. Diaz et al.
86  2007). These two classes of measure are often used in trait-ecology and conservation (e.g.
87  Devictor et al. 2010; Mouillot et al. 2014) and we assume here that conserving functional
88 richness and/or divergence is a valuable conservation objective. While functional
89  divergence relates to some measure of mean trait distances between species, functional
90  evenness relates to the variance of these trait distances. This last FD dimension describes
91 the extent to which species are clustered with their (direct) neighbours versus being
92 regularly spaced in trait space. We did not consider any measure of functional evenness
93  (such as the Functional Evenness Index, Villéger et al. 2008) in what follows because
94  could not identify any potential causal link between evenness in trait space and
95  ecosystem function or services, and trait evenness has generally not been a concern of
96  conservation biologists.
97 In this paper, we ask whether maximizing PD help to conserve functional
98  diversity. The common rationale for using PD as a proxy for FD is that many ecologically
99  relevant traits harbour some degree of phylogenetic signal (see, e.g., Winter et al. 2013).
100 At a glance, this seems logical: if the data shows strong phylogenetic signal, then picking
101  distantly related taxa seems a sensible way to ensure that you have captured species from
102 across trait space. And indeed, if we assume that traits have evolved according to a
103 Brownian motion (BM, Felsenstein 1985) process, then this will be true (see below). The

104  converse is also true: if traits do not show phylogenetic signal, other methods for
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105  capturing FD are needed (see, e.g., Faith 2015). A number of studies from across
106  evolutionary biology, ecology, and conservation biology have evaluated the amount of
107  phylogenetic signal (measured in a variety of ways, see Miinkemiiller et al. 2012) in
108  ecologically important traits (see, e.g., Freckleton et al. 2002; Blomberg et al. 2003;
109  Chamberlain et al. 2012). Recently, Kelly et al. (2014) specifically focused on the
110  implications of phylogenetic signal for the use of PD in conservation. They constructed
111  trees using a wide variety of morphological traits and found that while closely related
112 species often shared many trait combinations, these traits were not informative for deeper
113 splits in the tree. They argued that this was evidence that maximizing PD would not
114 reliably maximize feature diversity.

115 The results of these studies (along with, likely many more) have been widely
116  variable: some traits in some taxa in some regions contain a lot of phylogenetic signal
117  while others do not. This led Winter et al. (2013, p 201) to conclude: “If the conservation
118  goal is to conserve functional diversity, considering phylogenetic diversity might be
119  either well suited or totally misleading”. We argue that there is an important and
120 underappreciated assumption in this line of reasoning: that the degree of phylogenetic
121  signal in some key trait(s) is indicative of the effectiveness of using PD to conserve FD.
122 There are two reasons to be suspicious of this assumption. First, our thinking
123 about phylogenetic signal has been informed by considering a few simple models of trait
124  evolution; other, completely different, classes of models may generate variation in
125  phylogenetic signal that are far less intuitive. Second, the motivating idea is that policy
126  makers should use PD to pick sets of taxa to conserve. These sets are, by definition, non-
127  random and therefore may have different statistical properties from the clade as a whole.
128  In this paper, we simulate data under different models of evolution and, for the first time
129  to our knowledge, directly test how much FD the set of taxa that maximize PD (‘the
130  maxPD set’ hereafter) contains compared to alternative possible sets.

131 Specifically, we contrast the outcome for FD conservation of conserving the
132 maxPD set of taxa -- and letting everything else go extinct -- with conserving a random
133 set of taxa of the same size. Here, random simply means conservation decisions that
134 ignore phylogenetic position and the functional traits we are considering. As such,

135 random sets provide a natural point of comparison to understand the properties of
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136  maxPD. We note that we are not testing whether conserving maxPD will maximize the
137  amount of FD it is possible to conserve. While this claim is likely what some advocates
138  of PD have in mind, and is what Kelly et al. (2014) actually aimed to test, it is a rather
139  high bar to meet. Indeed, it is easy to concoct scenarios in which this will not hold; if, for

¢

140  example, traits were so labile that there was no phylogenetic signal (i.e., the “white
141  noise” model), then we would expect that maxPD sets would contain no more or less FD
142 on average than any other set. It therefore seems too high a bar to expect for PD to
143 always maximize FD in order to declare it useful for conserving FD. Instead, we believe
144 we must first clear a much lower bar -- does prioritizing species based on maximizing PD
145  do better at capturing FD than prioritizing a random set?

146 Below, we demonstrate that both the model of trait evolution and the tree shape
147  are relevant for deciding whether or not PD is a good strategy for conserving FD. And,
148  more surprisingly, we show that even when there is phylogenetic signal in the sampled
149  traits, using PD to guide conservation decisions can lead to choice outcomes for
150  conserving FD that are worse than if we were choosing randomly. This counter-intuitive
151  result suggests that we need to re-assess both the way in which we intuitively consider
152 phylogenetic signal in conservation biology, and the justification for phylogenetically-
153  based prioritization.

154

155 METHODS
156

157 We wanted to test the following conjecture under a variety of evolutionary
158  scenarios:

159 If we select a set S of m taxa from a clade of size n such that the sum of the
160  branch lengths connecting S is at least as large as that stemming from any other possible
161  subset (i.e. PD is maximized), then S will contain at least as much FD on average as a
162  randomly chosen subset of size m.

163 Four things are notable about this test. First, as stated above, we are not trying to
164  determine whether the maxPD set will actually maximize FD (i.e., that S would contain at

165 least as much FD as any other set of the same size). Second, we are interested in the
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166  expectation, or average. Evolution certainly can take interesting turns such that some sub-
167  clades span the functional diversity of the entire group (e.g., different clades of African
168  rift cichlids have independently evolved the same breadth of functional diversity in
169  different lakes; Muschick et al. 2012). Or, a trait important for ecosystem functioning
170  may also evolve only once and we would like to make sure we capture this lineage
171  (Davies et al. 2016). Average properties are critical, however, because PD’s utility in
172 conservation comes precisely when we don’t know the traits or functions that matter; the
173 best we can hope for is that, on average, we expect it to perform well. Third, we do not
174  require S to uniquely maximize PD. We use the greedy algorithm proposed by Bordewich
175  etal. (2008) to find our maxPD set of species S. For a given tree there are likely multiple,
176  and possibly very many, sets of with the same PD as S. As this number will vary across
177  simulations and could, in some case, be very large, we have chosen to select only one set
178  per simulation. This allows us to carry out more simulations, increasing the generality of
179  our results. And last, we are assuming that all of the taxa we select will survive and that
180 every other taxa in the clade will go extinct with certainty. This is, of course,
181  unreasonable and unrealistic but is useful for the purposes of illustration (see Discussion).
182

183  Simulations

184

185 To explore a broad range of tree shapes, we simulated trees under three different
186  diversification models. First, we simulated trees under a Yule process (no extinction).
187  Second, to obtain trees that were more ‘tippy’ (i.e., having more speciation events close
188  to the present), we used a coalescent model. In both cases, we simulated trees with 32 and
189  with 64 taxa. To obtain trees that were more unbalanced than those typically produced by
190  the Yule or coalescent processes, we simulated trees where the speciation rate evolved as
191 a continuous trait along the tree (Rabosky 2010; Beaulieu and O’Meara 2015). This
192 allowed some groups within a tree to diversify faster than others, with this heterogeneity
193 being phylogenetically clustered.

194 To do the latter, we used R scripts from Beaulieu (2015, modified from Rabosky
195  2010) and set the initial speciation rate to .06. Each tree was subsequently pruned to n =

196 64 and to n = 32. We then kept the 100 first trees that encompassed a wide range of
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197  imbalance values: we kept 10 trees by bins of 0.4 imbalance value (as measured by (8,
198  Blum et al. 2006) from -1.6 to 2. For a point of comparison, we also used fully
199  imbalanced (8 = -2) and balanced trees (8 = 10) of 32 and 64 species.

200 To explore a range of continuous trait evolution models, we used 1) the BM
201  model setting the drift parameter 6° = 1 (we did not explore multiple values of 6* because
202 it does not influence the phylogenetic signal of the data and thus will not impact our
203  results); 2) the Ornstein-Uhlenbeck (OU, Hansen 1997), with 6° = 1 and a = {1.4,7}
204  corresponding to half life of .1 and .5 for a tree with total height rescaled to 1; and 3) the
205 early burst (EB, Harmon et al. 2010, r = -5 and -1). For discrete traits, we used the
206  Markov model of evolution (Pagel 1994). We used a simple Markov model with 4
207  character states and all transitions rates equal to .1 or 1. Speciational models, in which
208  trait evolution occurs (at least in part) when lineages split, were also used for both
209  continuous and discrete traits by applying a Pagel k transformation to the original tree
210  (Pagel 1999). We simulated datasets with N = {1, 2, 4} independently evolving traits. As
211  we wanted to keep the simulations simple, we did not include variations such as multi-
212 rate BM (O’Meara et al. 2006; Eastman et al. 2011) or multi-optima OU models (Butler
213 and Kings 2004; Ingram and Mahler 2013; Uyeda and Harmon 2014). For each set of
214  parameters and number of trait values, we simulated 1000 datasets. In each case, we also
215  computed the phylogenetic signal contained in the data by calculating the spearman
216  correlation between phylogenetic and trait distance matrices (following Kelly et al.,
217  2014) in addition to more commonly used measures such as Blomberg’s K (Blomberg et
218 al. 2003); Blomberg’ K does not allow for the possibility of “anti-signal” in traits,

219  wherein close relatives are more dissimilar than distantly related taxa.

220

221 Analysis

222

223 For each dataset, we selected two sets of m species (m = {8, 16}) out of the total

224 number of n species in the tree (n = {32, 64}) for a total of four parameter combinations.
225  One set was chosen at random and the other was a set that maximized PD (i.e., maxPD),
226  using the algorithm of Bordewich et al. 2008 that we implemented in R. We then

227  computed FD for both the random and the maxPD sets. Functional richness was
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228  estimated using the convex hull volume (Cornwell et al. 2006), which measures the total
229  volume encapsulated by all species in trait space. In a single dimension, this simply
230  equals the range of values. This broadly used metric in ecology is set monotonic with
231  species richness, a property generally assumed desirable in conservation whereby the
232 addition of a new species can never decrease the metric's value (Ricotta 2005). Functional
233 divergence was estimated using Rao’s quadratic entropy (Rao 1982; Botta-Dukat 2005),
234 which represents the mean trait distance between pairs of species (including the null
235  distance of a species with itself) and is highly correlated to the trait variance across tips
236  (de Bello et al. 2016). While this index is not set monotonic with species richness, we
237  feel that it might be of interest to test the robustness of our results. By using functional
238  richness and functional divergence, we are able to capture both the spread of the data in
239  trait space as well as how clustered it is, since it is not immediately clear what quantity is
240 most relevant for the use of PD in conservation. For discrete traits, the convex hull
241  volume is less meaningful than for continuous traits. Therefore, we used the number of
242  unique trait states in the set as a measure of FD for discrete traits (Petchey and Gaston
243 2006; Mouillot et al. 2014).

244 For each simulation, we then computed the relative amount of FD in the two sets

245  using the following metric:

246
247 rFD = FDmaxpp/(FDRrandom + FDmaxpp) (eq. 1)
248
249 A rFD value of greater than or equal to 0.5 means that the PD set contains at least

250  as much FD as the random set and a rFD value less than 0.5 means that it contains less.
251  All analysis were run in R, making special use of the ape (Popescu et al. 2012), ade4
252  (Dray et al. 2007), phytools (Revell 2012), geiger (Pennell et al. 2014a), geometry (Habel
253 et al. 2015), apTreeshape (Bortolussi et al. 2006), and mvMORPH (Clavel et al. 2015)

254  packages. All code to run the analyses is available at
255  https://github.com/FloMazel/PD_FD.
256

257 RESULTS
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We found that, under many common models of trait evolution, conserving the maxPD set
of taxa will on average conserve more FD than conserving a random set of the same size
(i.e. rFD is always > .5, see Table 1, note that rFD is an average over all simulations but
individual simulation may have rFD < .5). This is because related species tend to be on
average closer in trait space than distantly ones (Figure 2a-d), so that selecting distantly
related species increases FD. This result is more pronounced for very early evolution (as
modelled by an early burst model of evolution) because in this case distantly related
species are always well separated in the functional space. On the contrary, very late
evolution, or very strong stabilizing selection (as modelled by the OU process) tends to
erase the differences between set of species, but never leads (on average) to the maxPD
set of species to harbour less FD than the random set. Overall, an increase of
phylogenetic signal tends to increase the difference between FD of the two sets (Table 1
and Supp. Tables). Our results also hold for alternative tree sizes (Supp. Table 1) and
Functional Divergence (measured as Rao’s Quadratic entropy, see Supp. Table 2). Also,
the difference between FD of the two sets of species is largest when a small proportion of
tree size is selected and tends to decrease when more species are selected (Supp. Table
2). This is expected: if 100% of the species are selected, the FD of the random and
maxPD sets will be equal and equal to the FD of the entire clade (rfFD = .5).

However, this result cannot be generalized to all classes of models. When traits
evolve on an imbalanced tree under a speciational model (Figure 1), early diverging
species are always selected to maximize PD (species No 1, 2 and 3 in Figure 2d-g) but
are functionally relatively similar since their traits have not diverged much. Here, a
random choice of species will, on average, select species that are much less functionally
similar, yielding higher FD and thus an rFD <.5 (Figure 2d-h). As with other models, the
difference between FD of the two sets of species is strongest when a small proportion of
tree size is selected and tends to decrease when more species are selected (Fig. S1). This
result also holds using Rao’s measure of Functional Divergence (Fig. S2).

Above we described the results for n=2 traits. Multiple traits are likely important
for maintaining ecosystem functions and services and for potentially promoting
diversification. However, our results do not qualitatively depend on how many traits we

consider. If we use convex hull volume as a measure of FD, then the patterns we see in
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289  one or two dimensions are only exacerbated in higher trait dimensions (Fig. S1): in cases
290  where maxPD does poorly, adding more traits makes it do worse, and in cases where it
291  does well, more traits accentuate its success. When we measured FD using Rao’s
292  quadratic entropy, there was no difference between results at two or higher dimensions
293  (Fig. S2). This is because Rao’s quadratic entropy represents the mean functional
294  distance between species (including comparing a species to itself) and we know that, for
295 a BM model, increasing the number of traits simply decreases the variance of functional
296  distances between species (see e.g. Letten and Cornwell 2015) and thus will not impact
297  the average of the rFD metric. Importantly all our results are also robust to variation in
298  tree size and number of selected species (Fig. S1-2) and also hold when a speciational
299  model of evolution for discrete traits is applied instead (i.e. a Markov model, see Fig. S3).
300 After seeing our results, we naively thought that if there was a non-negative
301  correlation between the traits and the phylogeny (i.e., “phylogenetic signal” broadly
302  construed), this would mean that PD should on average do at least as well as random. Our
303  intuition here was wrong. Indeed, even in our “worst case” scenario, when the tree is
304  perfectly imbalanced and trait evolution only occurs at speciation, the correlation
305 between the trait covariance matrix and the phylogenetic covariance matrix is still
306  positive -- close relatives resemble one another but selecting the maxPD set of taxa
307  captures less FD than a randomly chosen set on average (Fig S4-5)! The key to resolving
308  this apparent paradox is recognizing that the phylogenetic signal of the entire dataset is
309 not expected to equal the phylogenetic signal of non-random subsets of the data. In
310  particular, the set of species that maximized PD is expected to occupy a very particular
311  position in the phylogenetic and functional distances space.

312 To intuitively understand this point, we present in figure 2 (panels d-h) a
313  simplified toy example with a fully imbalanced phylogeny of 16 species from which four
314  species are selected, either at random (squares in the figure) or in order to maximize PD
315 (maxPD set, represented by triangles). In this case, species 1, 2 and 3 will always be
316  selected to maximize PD, while the fourth one will be chosen at random among the
317  remaining species (Fig 2d). In the case of a speciational model of evolution, three out of
318  four species from the maxPD set (species 1,2 and 3) will be, on average, relatively

319  clumped in the trait space (Fig. 2e, triangles) and thus harbour small trait distances, while
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320  being distantly related in the phylogeny (Fig. 2g). On the contrary, the random subset
321  (squares) will be more spread in the trait space (Fig. 2f) and thus harbour relatively
322  higher trait distances, while being relatively less distant in the phylogeny (Fig. 2g). So,
323 the random set will harbour more FD than the maxPD set (Fig 2h). While the overall (i.e.
324  for all species) relationship between trait and phylogenetic distances is slightly positive
325 (and not negative), the same relationship restricted to random and maxPD subsets
326  becomes negative (imagine a line between squares and triangles on figure 2g). It thus
327  appears that the overall trend between all species are not representative of the trend
328  between members of the maxPD and random sets; the measure of phylogenetic signal on
329  the whole phylogeny may not be a good proxy for the representativeness of FD by the
330 maxPD set of species.

331

332 DISCUSSION

333 Most of the arguments for using PD in conservation decisions reason that
334  conserving phylogenetically diverse sets of taxa is valuable because it conserves some
335  sort of trait diversity; for other rationales for conserving PD see e.g., Vane-Wright et al.
336 (1991) or Rosauer and Mooers (2013). Trait diversity may be valuable if it helps maintain
337  ecosystem functioning and services (e.g. Best et al. 2013; Winter et al. 2013; Gross et al.
338 2017), if it captures ‘evolutionary potential’ (Faith 1992; Forest et al. 2007), or if trait
339  diversity increases the probability of encompassing rare traits that are deemed valuable
340  for their rareness per se (e.g. egg-laying in mammals, Rosauer and Mooers, 2013). Here,
341  we are agnostic as to why traits are valuable to conserve; we only assume that they are.

342 Our main results speak to at least on other recent paper that also purported to test
343  whether PD was a good proxy of feature diversity. Using a wide variety of morphological
344  traits previously used to infer phylogenies, Kelly et al. (2014) showed that, while closely
345  related species often share many trait combinations, these traits are not informative for
346  deeper splits in the tree — i.e. that phylogenetic signal decays rapidly in the tested
347  character matrices. A second key finding of the Kelly et al. study was that the trait
348  distances between the two most distant species in the tree (i.e. considering FD of the
349  maxPD sets of two species) is lower than the maximal trait distance in the dataset. Our

350  test is both more stringent and more general than that of Kelly et al. First, we did not test
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351  whether preserving the maxPD species will maximize the amount of FD it is possible to
352 preserve, but rather if the maxPD set capture more FD than a random set, a much lower
353  bar to meet. For example, even in the situation where we found the maxPD set to harbour
354  more FD than random (e.g. in the case of a simple BM model), it is likely that this set
355  does not maximize FD. Second, while Kelly et al. focused on the FD of the maxPD set
356  that comprises only two species, we consider here sets of taxa with a broader range of
357  sizes (8 and 16 species). This allowed us to show that the measure of phylogenetic signal
358  on the whole phylogeny may not be a good proxy for the representativeness of FD by the
359  maxPD set of species.

360 Our analysis is, of course, rather oversimplified in some ways. In the real world,
361  we do not have full control over which species survive and which are lost. Conservation
362  prioritization itself is a result of a complex interplay of social, economic, political, and
363  scientific priorities and is not always species-centred. And even if we did have the power
364  to decide, we would neither conserve everything we chose, nor would everything we
365 didn’t choose go extinct. Furthermore, the extinction proportions used in our simulations
366  (e.g. 75%) are beyond dystopic. But the simplicity of our simulations allows us to
367 evaluate the logic underlying the (seemingly obvious, but not actually obvious at all)
368  claim that conserving phylogenetic diversity will result in conserving trait diversity. We
369 realize also that some of the situations which produce rFD values of less than 0.5 may not
370  be biologically realistic. It is unlikely that most trait evolution is speciational (Pennell et
371  al. 2014b) and, while empirical trees are more unbalanced than those produced by Yule
372  models (Mooers and Heard 1997), totally unbalanced trees are rare. While, such extreme
373  scenarios are not necessary to reliably get rFD values of less than 0.5, we think that these
374  cases are useful for critically evaluating the underlying logic behind the use of PD and
375  will perhaps stimulate the production of more direct tests of the usefulness of PD to
376  represent FD.

377 While there have been several meta-analyses comparing the fit of various trait
378  models across clades (Harmon et al. 2010; Pennell et al. 2015), these have been limited to
379  afew simple models, all of which are in the part of parameter space where PD performs
380 well as a proxy for FD. More comprehensive meta-analyses of the fit of models to

381  comparative data are required to allow us to assess where in model space traits of interest
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382  generally fall. Furthermore, recent innovations using simulation-based approaches (e.g.
383  Slater et al. 2012; Sukumaran et al. 2016; Clarke et al. 2017) may allow us to expand
384  beyond our limited set of process models. A simpler empirical test of the utility of PD is
385  to gather empirical datasets and to repeat our analytical procedure on these. We would
386  then be able to ask for these empirical datasets whether the maxPD set of taxa will
387  contain more FD than a randomly chosen set. To our knowledge, no such test has been
388  performed. While this test would not provide a definitive answer to the utility of PD, it
389  would at least provide some indication of how concerned we should be given our results.
390 That said, if we had some approximate idea as to how likely it is the maxPD fails
391  to capture FD, policy recommendations might still be difficult. If maxPD does better than
392  random in, say, 80% of clades/traits, should this be interpreted as an endorsement of the
393  use of PD in conservation or a denouncement? What level of increase in FD is important?
394 A formal decision-theoretic framework (Robert 2007) might be needed for navigating
395  these thorny problems.

396

397 CONCLUSION

398 Given the interest in using PD in conservation decisions and the amount of work
399  that has gone into the problem of how to measure and prioritize PD, it is surprising that
400  there has not been direct theoretical or broad empirical evaluations of what exactly PD
401  captures. Here, we find that under many common models of trait evolution and tree
402  shapes, conserving the maxPD set of taxa will indeed conserve more FD than conserving
403  a random set of the same size. However, under other biologically plausible scenarios,
404  using PD to select species can actually lead to less FD compared to a random set.
405  Importantly, this can occur even when there is phylogenetic signal in the traits. The fact
406  that conserving taxa based on PD will not always reliably conserve at least as much FD
407  as choosing randomly may raise serious concerns about the utility of PD in conservation
408  if our goal is to save a diverse set of traits.

409

410
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591
Evolutionary Model Type of Trees
Yule Tree Coalescent Tree

Type Alpha Beta # traits rFD Phylo. Signal rFD Phylo. Signal
Mean Sd Mean Sd Mean Sd Mean Sd
BM 0 0 1 0.53 0.09 0.98 043 0.54 0.09 1.04 0.93
BM 0 0 2 055 013 1 031 0.6 0.12 1.01 0.64
BM 0 0 4 061 019 1 0.21 0.74 0.17 1.01 045

Markov 1 0.53 0.08 0.54 0.08

Markov 2 0.53 0.07 0.56 0.08

Markov 4 0.53 0.05 0.57 0.07
EB 0 -5 1 0.55 0.09 4.32 251 0.56 011 9.18 7.36
EB 0 -1 1 0.53 0.09 134 0.62 055 009 152 1.33
EB 0 -5 2 0.62 0.13 433 183 066 0.15 9.32 555
EB 0 -1 2 0.57 0.12 1.33 043 0.61 0.13 152 1.01
EB 0 -5 4 0.77 0.16 4.23 136 0.82 0.16 9.23 4.17
EB 0 -1 4 0.65 0.17 1.34 035 0.74 0.17 149 0.67
ou 1.4 0 1 0.51 0.09 0.54 0.16 0.54 0.09 044 03
ou 7 0 1 051 0.1 0.24 0.06 0.52 0.09 0.14 0.06
ou 1.4 0 2 0.53 0.13 0.53 0.12 059 0.13 045 0.22
ou 7 0 2 0.51 0.13 0.24 0.04 0.55 0.13 0.14 0.04
ou 1.4 0 4 0.56 0.2 0.54 0.08 0.7 017 045 0.16
ou 7 0 4 051 0.2 0.23 0.03 059 0.19 0.14 0.03

592

593  Table 1. For common trait macroevolution models, sets of species that maximize PD
594  always harbour, on average, at least as much FD as random sets of species of the
595 same size. The table presents, for each combination of macroevolutionary models
596  (column 1), specific set of parameters (column 2-3, the transition rate for the Markov
597  model is 1, see also methods) and number of independent traits (column 4), a measure of
598  the relative amount of FD (rFD) between maxPD and random sets of species for pure
599  birth Yule trees (column 5-6) and coalescent trees (column 9-10). These results
600 correspond to a tree of 64 species from which 8 are selected either at random or to
601 maximize PD (other combinations of these parameters are presented in Supp. Tables).
602  The comparison of FD (as captured by the convex hull measure) between the two sets of
603  species is quantified with the following metric: TFD=FDuaxpp/(FDRrandom + FDmaxep). A
604  value <.5 means PD is doing worse than random, a value >.5 means PD is doing better
605  than random and a value of .5 means PD is doing the same as random. The phylogenetic

606  signal for Yule trees (column 7-8) and coalescent trees (column 11-12) is measured with
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607  the Blomberg K (for multiple traits, the mean across traits is given). All statistics are

608  based on 1000 simulations in each case.

609
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611

612  Figure 1. Under a speciational model trait evolution on imbalanced trees, sets of
613  species that maximize PD harbour less FD than random sets of species of the same
614  size. The figure represents rFD (the relative amount of FD captured by the convex hull
615 measure between the maxPD set and random sets of species) as a function of tree
616 imbalance (as measured by [, Y-axis) and the degree of speciational vs. gradual
617  evolution (as measured by Pagel k, X-axis). The color of each grid cell reflects the mean
618  value of the metric over 100 trait simulations on 10 different trees (for a total of 1000
619  simulations) or, in the case of fully balanced and fully imbalanced trees, 1000 simulations
620  on one single tree. Results are based on sets of 8 species out of 64 (tree size) and two
621 traits. The two specific positions ‘i’ and ‘ii’ drawn on the figure refers to the parameter
622  space position of the examples presented in figure 2, panels a-d and e-h, respectively. The
623  tree presented in Figure 2a (corresponding to the position marked by ‘i’ in the present

624  figure) has an imbalance of B=3.5.
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625
626  Figure 2. Examples of cases where the set of species that maximize PD harbours

627 more (a-d) or less (e-h) FD than a random set of species. For each example, the
628  original phylogenetic tree (panels a and d), the position of species in trait space and their
629  corresponding convex hull (panels b and f), the relationship between phylogenetic and
630 trait distances (panels ¢ and g) and the corresponding relative amount of FD between
631  PDpax set and random sets are given (panels d and h). Example (a-d) corresponds to a BM
632  model on a relatively balanced tree while example (e-h) corresponds to a speciational
633  model (Pagel k = 0) on a fully imbalanced tree. Both examples are also reported in figure
634 1, but note that here, for the purpose of simplicity, we used a tree with only 16
635  species from which four species were selected.

636
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663

664  Figure S1. Extension of our results to multiple traits and varying tree sizes and selected species
665  number using Convex Hull as a measure of FD.

666  Figure S2. Extension of our results to multiple traits and varying tree sizes and selected species
667  number using Rao quadratic entropy as a measure of FD.

668  Figure S3. Extension of our results to discrete trait evolution.

669  Figure S4. Variability of the phylogenetic signal as measured by the Bloomberg K.
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670  Figure S5. Variability of the phylogenetic signal as measured by the Spearman correlation
671  between trait and phylogenetic distances.

672

Evolutionnary

Model Traits and Species Type of Trees
= Yule Tree Coalescent Tree
o z 8 E
a = 8 2 5 . . . . . .
& a r B 2 - 2 FD ratio metric Phylo. Signal ~ FD ratio metric  Phylo. Signal
* < ; 2
Mean Sd Mean Sd Mean  Sd  Mean Sd
1 32 8 0.53 0.08 0.99 0.46 0.54 0.08 1 0.85
1 64 8 0.53 0.09 0.98 0.43 054 0.09 1.04 093
1 32 16 0.51 0.05 1.01 0.48 0.52 0.05 0.97 0.78
1 64 16 0.52 0.06 1 0.41 0.53 0.05 1.02 0.96
2 32 8 0.56 0.12 0.99 0.34 06 012 099 059
BM 2 64 8 0.55 0.13 1 0.31 0.6 0.12 1.01 0.64
2 32 16 0.53 0.07 0.97 0.31 0.55 0.06 1 0.57
2 64 16 0.54 0.08 1 0.28 0.56 0.08 0.98 0.61
4 32 8 0.63 0.18 1 0.24 0.73 0.16 0.99 0.42
4 64 8 0.61 0.19 1 0.21 074 017 1.01 0.45
4 32 16 0.58 0.09 1 0.24 0.62 0.1 1 0.42
4 64 16 0.59 0.11 1 0.21 0.66 0.11 0.97 0.41
-5 1 32 8 0.56 0.09 3.42 191 0.55 01 6.56 4.7
-5 1 64 8 0.55 0.09 4.32 251 056 0.11 9.18 7.36
-5 1 32 16 0.52 0.05 3.37 1.86 0.52 0.06 6.6 4.69
-5 1 64 16 0.54 0.06 4.28 2.56 053 0.07 886 7.37
-1 1 32 8 0.53 0.08 13 0.65 0.54 0.08 1.44 1.25
-1 1 64 8 0.53 0.09 134 0.62 055 0.09 1.52 1.33
-1 1 32 16 0.52 0.05 131 0.68 052 0.04 142 1.29
-1 1 64 16 0.52 0.05 134 0.64 0.53 0.06 1.54 14
-5 2 32 8 0.62 0.12 3.35 135 063 0.14 657 358
-5 2 64 8 0.62 0.13 4.33 1.83 0.66 0.15 9.32 5.55
-5 2 32 16 0.56 0.08 3.22 1.25 056 0.09 6.69 3.54
EB -5 2 64 16 0.58 0.08 4.26 1.84 0.58 0.1 933 5.58
-1 2 32 8 0.57 0.12 1.29 0.45 0.6 012 1.44 0.94
-1 2 64 8 0.57 0.12 1.33 0.43 061 013 1.52 1.01
-1 2 32 16 0.54 0.07 1.28 0.44 055 0.07 14 0.9
-1 2 64 16 0.55 0.08 132 0.45 057 0.08 15 0.95
-5 4 32 8 0.77 0.16 3.36 1.1 079 017 6.45 2.61
-5 4 64 8 0.77 0.16 4.23 136 082 016 923 417
-5 4 32 16 0.65 0.11 3.35 1.08 065 012 6.24 2.52
-5 4 64 16 0.69 0.12 4.4 1.54 0.69 013 942 4.09
-1 4 32 8 0.67 0.17 1.28 0.33 073 017 142 0.62
-1 4 64 8 0.65 0.17 134 0.35 074 017 149 0.67
-1 4 32 16 0.6 0.09 1.28 0.33 062 01 141 064
-1 4 64 16 0.62 0.11 1.33 0.31 0.67 011 144 0.66
14 0 1 32 8 0.51 0.09 0.6 0.21 053 0.08 047 033
14 0 1 64 8 0.51 0.09 0.54 0.16 0.54 0.09 0.44 0.3
14 0 1 32 16 0.51 0.05 0.59 0.23 052 0.04 0.46 0.3
1.4 0 1 64 16 0.51 0.06 0.54 0.16 052 0.05 045 0.3
7 0 1 32 8 0.5 0.09 0.28 0.1 051 0.09 0.17 0.08
7 0 1 64 8 0.51 0.1 0.24 0.06 052 0.09 0.14 0.06
7 0 1 32 16 0.5 0.05 0.28 0.1 0.52 0.05 0.17 0.07
7 0 1 64 16 0.5 0.07 0.24 0.06 051 0.06 0.14 0.06
14 0 2 32 8 0.53 0.12 0.59 0.16 057 012 047 0.23
14 0 2 64 8 0.53 0.13 0.53 0.12 059 0.13 045 022
14 0 2 32 16 0.52 0.07 0.58 0.16 0.54 0.06 0.47 0.23
ou 1.4 0 2 64 16 0.52 0.08 0.54 0.12 0.56 0.08 0.43 0.2
7 0 2 32 8 0.51 0.13 0.28 0.08 0.54 013 0.16 0.06
7 0 2 64 8 0.51 0.13 0.24 0.04 055 013 0.14 0.04
7 0 2 32 16 0.51 0.07 0.28 0.07 0.53 0.06 0.17 0.06
7 0 2 64 16 0.51 0.09 0.24 0.05 0.54 0.08 0.14 0.04
14 0 4 32 8 0.57 0.18 0.58 0.11 069 0.17 048 017
1.4 0 4 64 8 0.56 0.2 0.54 0.08 0.7 0.17 0.45 0.16
1.4 0 4 32 16 0.56 0.1 0.59 0.11 0.61 009 048 0.17
1.4 0 4 64 16 0.55 0.11 0.55 0.09 0.64 0.11 0.44 0.15
7 0 4 32 8 0.52 0.19 0.28 0.06 0.6 0.19 0.17 0.04
7 0 4 64 8 0.51 0.2 0.23 0.03 059 019 014 0.03
7 0 4 32 16 0.51 0.1 0.28 0.06 0.58 01 017 0.04
7 0 4 64 16 0.52 0.12 0.23 0.03 059 011 014 0.03

673

674  Supplemental Table 1. For common trait macroevolution models, sets of species that
675 maximize PD always harbour, on average, at least as much FD (Convex hull measure) as
676  random sets of species of the same size. The table presents, for each combination of
677  macroevolutionnary models (column 1), specific set of parameters (column 2-3), number of
678  independent traits (column 4), tree size (column 5) and number of selected species (column 6) a
679  measure of the relative amount of FD between PD,,, and random sets of species for pure birth

680  Yule trees (column 7-8) and coalescent trees (column 11-12).The comparison of FD (as measured
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681 by the convex hull measure) between the two sets of species is quantified with the following

682  metric: FD,..o/(FDyuione + FD.v). A value <.5 means PD is doing worse than random, a value >.5
683  means PD is doing better than random and a value of .5 means PD is doing the same as
684  random. The phylogenetic signal for Yule trees (column 9-10) and coalescent trees (column 13-
685 14) is measured with the Bloomberg K (for multiple traits, the mean across traits is given). All
686  statistics are based on 1000 simulations in each case.

687

Evolutionnary

Model Traits and Species Type of Trees
@ - Yule Tree Coalescent Tree
S a r £ % = é FD ratio metric ~ Phylo. Signal ~ FD ratio metric ~ Phylo. Signal
E 2 &

= = Mean Sd Mean Sd Mean Sd Mean Sd

BM 0 0 1 32 8 0.54 0.15 0.99 046 0.57 0.15 1 0.85
BM 0 0 1 64 8 0.55 0.16 0.98 043 0.57 0.15 1.04 093
BM 0 0 1 32 16 0.52 0.08 1.01 048 0.52 0.09 097 0.78
BM 0 0 1 64 16 0.52 0.1 1 041 0.54 0.1 1.02 0.96
BM 0 0o 2 32 8 0.54 0.11 0.99 0.34 0.57 0.11 0.99 0.59
BM 0 0 2 64 8 0.54 0.12 1 031 0.56 0.12 1.01 0.64
BM 0 0o 2 32 16 0.52 0.06 097 031 0.52 0.06 1 0.57
BM 0 0 2 64 16 0.53 0.07 1 028 0.54 0.08 0.98 0.61
BM 0 0o 4 32 8 0.54 0.08 1 024 0.56 0.08 0.99 042
BM 0 0 4 64 8 0.54 0.08 1 021 0.57 0.09 1.01 045
BM 0 0o 4 32 16 0.52 0.04 1 0.24 0.53 0.05 1 042
BM 0 0 4 64 16 0.52 0.05 1 021 0.54 0.06 097 041
EB 0 S0 32 8 0.59 0.15 342 191 0.57 0.16 6.56 4.7
EB 0 S01 64 8 0.58 0.16 432 251 0.59 0.17 9.18 7.36
EB 0 S0 32 16 0.53 0.09 3.37 1.86 0.53 0.1 6.6 4.69
EB 0 S501 64 16 0.55 0.11 428 2.56 0.55 0.12 8.86 7.37
EB 0 -1 1 32 8 0.55 0.14 1.3 0.65 0.57 0.14 1.44 125
EB 0 -1 1 64 8 0.54 0.16 1.34 0.62 0.57 0.15 1.52 1.33
EB 0 -1 1 32 16 0.52 0.08 1.31 0.68 0.52 0.09 1.42 1.29
EB 0 -1 1 64 16 0.52 0.1 1.34 0.64 0.53 0.11 1.54 14
EB 0 52 32 8 0.58 0.12 335 1.35 0.58 0.14 6.57 3.58
EB 0 5002 64 8 0.58 0.12 433 1.83 0.6 0.15 932 555
EB 0 S22 32 16 0.54 0.07 322 125 0.53 0.09 6.69 3.54
EB 0 5002 64 16 0.54 0.08 426 1.84 0.54 0.11 933 558
EB 0 -2 32 8 0.55 0.11 1.29 045 0.57 0.12 1.44 0.94
EB 0 -2 64 8 0.55 0.11 1.33 043 0.57 0.12 1.52 1.01
EB 0 -2 32 16 0.52 0.06 1.28 044 0.53 0.07 1.4 09
EB 0 -2 64 16 0.53 0.07 1.32 045 0.54 0.08 1.5 095
EB 0 S5 4 32 8 0.58 0.1 3.36 1.1 0.58 0.13 6.45 261
EB 0 54 64 8 0.59 0.1 423 1.36 0.59 0.14 923 4.17
EB 0 S5 4 32 16 0.53 0.06 335 1.08 0.53 0.08 6.24 252
EB 0 504 64 16 0.55 0.07 44 1.54 0.55 0.1 942 4.09
EB 0 -4 32 8 0.55 0.08 1.28 033 0.57 0.1 1.42 0.62
EB 0 -1 4 64 8 0.55 0.08 1.34 035 0.57 0.1 1.49 0.67
EB 0 -4 32 16 0.52 0.05 1.28 033 0.53 0.06 1.41 0.64
EB 0 -1 4 64 16 0.53 0.05 1.33 031 0.54 007 1.44 0.66
ou 14 0 1 32 8 0.52 0.15 0.6 021 0.56 0.14 047 0.33
ou 14 0 1 64 8 0.52 0.16 0.54 0.16 0.56 0.16 0.44 03
Oou 14 0 1 32 16 0.52 0.09 0.59 023 0.53 0.08 0.46 03
ou 14 0 1 64 16 0.52 0.11 0.54 0.16 0.53 0.1 045 03
ou 7 0 1 32 8 0.51 0.16 0.28 0.1 0.52 0.16 0.17 0.08
ou 7 0 1 64 8 0.51 0.17 024 0.06 0.53 0.16 0.14 0.06
Oou 7 0 1 32 16 05 0.09 0.28 0.1 0.52 0.09 0.17 0.07
ou 7 0 1 64 16 05 0.11 0.24 0.06 0.52 0.1 0.14 0.06
Oou 14 0o 2 32 8 0.52 0.11 0.59 0.16 0.55 0.1 047 023
ou 14 0 2 o4 8 0.52 0.12 053 0.12 0.56 0.11 045 022
Oou 14 0o 2 32 16 0.52 0.06 0.58 0.16 0.52 0.06 047 023
ou 14 0 2 o4 16 0.51 0.07 0.54 0.12 0.53 007 043 02
ou 7 0o 2 32 8 0.51 0.11 0.28 0.08 0.53 0.11 0.16 0.06
ou 7 0 2 o4 8 0.51 0.12 0.24 0.04 0.53 0.12 0.14 0.04
Oou 7 0o 2 32 16 0.51 0.06 0.28 0.07 0.52 0.06 0.17 0.06
ou 7 0 2 o4 16 05 0.08 0.24 0.05 0.52 007 0.14 0.04
Oou 14 0o 4 32 8 0.52 0.08 0.58 0.11 0.55 0.08 0.48 0.17
ou 14 0 4 o4 8 0.52 0.09 0.54 0.08 0.56 0.08 045 0.16
ou 14 0o 4 32 16 0.51 0.04 0.59 0.11 0.52 0.04 0.48 0.17
ou 14 0 4 o4 16 051 0.05 055 0.09 0.53 0.06 0.44 0.15
Oou 7 0o 4 32 8 0.51 0.08 0.28 0.06 0.53 0.08 0.17 0.04
ou 7 0 4 o4 8 05 0.08 023 0.03 0.53 0.08 0.14 0.03
Oou 7 0o 4 32 16 05 0.04 0.28 0.06 0.52 0.04 0.17 0.04
7 0 4 o4 16 051 0.05 023 0.03 0.52 0.05 0.14 0.03

688 o

689  Supplemental Table 2. For common trait macroevolution models, sets of species that
690  maximize PD always harbour, on average, at least as much FD (Rao quadratic entropy
691  measure) as random sets of species of the same size. The table presents, for each combination
692  of macroevolutionnary models (column 1), specific set of parameters (column 2-3), number of
693  independent traits (column 4), tree size (column 5) and number of selected species (column 6) a

694  measure of the relative amount of FD between PD,,, and random sets of species for pure birth
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695  Yule trees (column 7-8) and coalescent trees (column 11-12).The comparison of FD (as measured

696 by the Rao quadratic entropy) between the two sets of species is quantified with the following
697  metric: FD,..o/(FDyuione + FD.v). A value <.5 means PD is doing worse than random, a value >.5
698  means PD is doing better than random and a value of .5 means PD is doing the same as
699  random. The phylogenetic signal for Yule trees (column 9-10) and coalescent trees (column 13-
700 14) is measured with the Bloomberg K (for multiple traits, the mean across traits is given). All
701  statistics are based on 1000 simulations in each case.

702
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704  Figure S1. Extension of our results to multiple traits and varying tree sizes and selected
705  species number using Convex Hull as a measure of FD. The figure present the variation of a
706  measure of the relative amount of FD (as measured by the convex Hull measure) between PD-
707  maximized and random set of species (see legend) in function of tree imbalance (as measured by

708 B, Y-axis, “fullbal” refers to fully balanced tree and “fulllmbal” refers to fully imbalanced

709  tree) and the degree of speciational vs. gradual evolution (as measured by Pagel k, X-axis). The

710 color of each grid cell reflects the mean value of the metric over 100 trait simulations on 10
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711 different trees (for a total of 1000 simulations) or, in the case of fully balanced and fully
712 imbalanced trees, 1000 simulations on one single tree. Each panel corresponds to a different set
713 of parameters (tree size (n), selected number of species (m) and number of traits).

714
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716  Figure S2. Extension of our results to multiple traits and varying tree sizes and selected
717  species number using Rao quadratic entropy as a measure of FD. The figure presents the

718  variation of a measure of the relative amount of FD (as measured by Rao quadratic entropy)
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719  between PD-maximized and random set of species (see legend) in function of tree imbalance (as

720  measured by B, Y-axis, “fullbal” refers to fully balanced tree and “fulllmbal” refers to fully

721 imbalanced tree) and the degree of speciational vs. gradual evolution (as measured by Pagel x, X-
722 axis). The color of each grid cell reflects the mean value of the metric over 100 trait simulations
723 on 10 different trees (for a total of 1000 simulations) or, in the case of fully balanced and fully
724  imbalanced trees, 1000 simulations on one single tree. Each panel corresponds to a different set

725  of parameters (tree size (n), selected number of species (m) and number of traits).
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727

728  Figure S3. Extension of our results to discrete trait evolution. The figure presents the variation
729  of a measure of the relative amount of FD (as measured by the number of character state

730  combinations) between PD-maximized and random set of species (see legend) in function of tree
731  imbalance (as measured by B, Y-axis, “fullbal” refers to fully balanced tree and “fulllmbal”
732 refers to fully imbalanced tree) and the degree of speciational vs. gradual evolution (as measured
733 by Pagel k, X-axis). The color of each grid cell reflects the mean value of the metric over 100
734 trait simulations on 10 different trees (for a total of 1000 simulations) or, in the case of fully

735 balanced and fully imbalanced trees, 1000 simulations on one single tree. Results are based on
736 sets of 8 species out of 64 (tree size). The different panels correspond to different values of the

737  transition rate parameter of the Markov model.
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738 Bloomberg K

739

740  Figure S4. Variability of the phylogenetic signal as measured by the Bloomberg K. The
741  figure presents the variation of phylogenetic signal across the parameter space presented on figure
742 1 of the main text. Mean Bloomberg K statistic (see legend) are presented in function of tree
743  imbalance (as measured by B, Y-axis, “fullbal” refers to fully balanced tree and “fulllmbal”

744  refers to fully imbalanced tree) and the degree of speciational vs. gradual evolution (as measured
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745 by Pagel k, X-axis). Each panel corresponds to a different set of parameters (tree size (n),
746 selected number of species (m) and number of traits). The color of each grid cell reflects the mean
747  value of the metric over 100 trait simulations on 10 different trees (for a total of 1000
748  simulations) or, in the case of fully balanced and fully imbalanced trees, 1000 simulations on one

749 single tree.
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750 Mantel - Spearman
751  Figure S5. Variability of the phylogenetic signal as measured by the Spearman correlation
752 between trait and phylogenetic distances. The figure presents the variation of phylogenetic
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753  signal across the parameter space presented on figure 1 of the main text. Mean mantel
754  (spearman) statistic (see legend) are presented in function of tree imbalance (as measured by £,
755  Y-axis, “fullbal” refers to fully balanced tree and “fulllmbal” refers to fully imbalanced tree)

756  and the degree of speciational vs. gradual evolution (as measured by Pagel k, X-axis). Each panel
757  corresponds to a different set of parameters (tree size (n), selected number of species (m) and
758  number of traits). The color of each grid cell reflects the mean value of the metric over 100 trait
759  simulations on 10 different trees (for a total of 1000 simulations) or, in the case of fully balanced

760  and fully imbalanced trees, 1000 simulations on one single tree.

761
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